Cracks are one of the main causes of structural failure and they develop in the structures due to various reasons such as fatigue, temperature variation, excessive load, cyclic load, environmental effects, impact loading etc. Thus, structural health monitoring is necessary to avoid risks, damages and failures. So, in order to avoid an extensive failure or accident, the early prognosis of crack in structures is necessary. Visual inspection and some non-destructive testing (NDT) methods for detection of crack are difficult as it requires time, expenses and are quite inefficient. So the alternative methods are motivated to be developed. In this study, vibration analysis, finite element analysis (FEA) and an alternative way which is artificial neural network (ANN) is used to predict, detect and identify the damages in structures. It is found that the theoretical, experimental, finite element analysis and artificial neural network have good accuracy in predicting the crack characteristics.
Introduction
Crack is a discontinuity in a body and is one of the main causes of structural failure and there are many research studies for crack and defect detection or characterizing the mechanical property and cracking behavior, remaining life, final load bearing capacity of cracked components and engineering materials (Scholey et al., 2009; Taheri-Behrooz et al., 2018; Wang et al., 2016 Wang et al., ,2017 Rossi & Le Maou, 1989; Aliha & Gharehbaghi, 2017; Scholey et al., 2009; Abd-Elhady, 2013; Mahdavi et al., 2015; Fayed, 2018; Akbardoost, 2014; Akbardoost et al., 2014; Mirsayar et al., 2017 Mirsayar et al., , 2018 Mirsayar & Zollinger, 2017; Carpinteri & Ingraffea, 2012; Frommherz et al., 2016; Aliha et al., 2012 Aliha et al., , 2017a Aliha et al., ,b, 2016 Ayatollahi & Aliha 2011; Abd-Elhady, 2013; Mahdavi et al., 2015) . Cracks are developed in the structures and machines due to various reasons such as fatigue, temperature variation, excessive load, cyclic load, environmental effects, impact loading, shear failure, resonance, wear corrosion, residual stress and etc. The presence of crack not only affects the stiffness of the structure but also affect the mechanical response of the whole structure to a larger extent (Prabhakar, 2009 ). Due to these changes, there is a reduction in modal frequencies and mode shapes. Therefore, it is feasible to anticipate the crack characteristics by determining changes in the vibration parameters (Vakil-Baghmisheh et al., 2008) . Its development in a beam leads to sudden failure of a system and machines without any prior indication or warning (Satpute et al., 2017) .
Visual inspection of cracks and damages is unsuitable and not worth considering in most of the cases, thus non-destructive testing (NDT) methods like thermography, ultrasonic testing, X-ray diffraction etc. are used to predict damage in the structures. But these methods require time and expenses and are quite inefficient. So the other possible methods are motivated to be developed (Sutar et al. 2015) . In this analogy the use of mathematical methods, vibration-based methods, and soft-computing techniques such as artificial neural network (a subfield of artificial intelligence) is promising and favorable.
Artificial neural networks (ANN) are mathematical model of human nerve system. Its structure is exactly identical to the biological form of the cells in human brain. It consists of a number of layers like input, hidden and output layers. The various neurons are present in each layer. The neurons in input layer represent the raw data which are fed to the system. The hidden layer is connected to the input and output layer through some weights. The neurons available in output layer represents the result of the data provided which can be represented as,
where, b = bias, wi = weight associated with the i th input, ai = input value and Y = output of the neuron. The competence of artificial neural networks was studied by Dimarogonas (1996) for prediction of damages in structural members and rotating machinery elements. Nasiri et al. (2017) presented a review paper on the utilization of Artificial Intelligence (AI) methods for mechanical fault detection and discussed the applications of Bayesian networks, GA (genetic algorithms), fuzzy logics, case-based reasoning and ANN i.e. artificial neural networks. The behavior of the undamaged and cracked beam is compared according to the FEA results and it was found that natural frequency of transverse vibrations can be used to detect a crack in cantilever beam by Satpute et al. (2017) . Sutar et al. (2015) investigated transverse crack in cantilever beam by proposing a neural network based controller. Crack stiffness to beam elemental stiffness matrix was used to obtain a homogenous linear elastic beam finite element by Teidj et al. (2016) and used the measurement of the changes in the beam frequencies and observed their variations to detect the crack defect characteristics. Thatoi et al. (2014) described the Cascade Forward Back Propagation (CFBP) network to detect cracks in structural beams with the idea of changes in the natural frequencies and their measurements. Pan et al. (2010) developed a two-stage approach combining of artificial neural network (ANN) and genetic algorithm (GA) to identify crack characteristics. The use of power series technique (PST) and ANN was analyzed by Rosales et al. (2009) for crack detection in structural beam who concluded that by the use of PST algorithm, the crack can be detected with very less errors and low cost but limits its use to simple problems like economical detection while on the other hand by the use of the ANN model, cracks with large errors can be detected and can be used for complex problems like large deformations or nonlinearities. A continuous approach for prediction of damages in beams through time-modal characteristics and artificial neural networks was presented by Park et al. (2009) . Firstly, an acceleration-based neural networks (ABNN) algorithm is modeled to examine the development of crack. Secondly, a modal feature-based neural networks (MBNN) algorithm is made to detect the crack characteristics. Li et al. (2005) used a collaboration of changes in natural frequencies and strain mode shapes as input parameters in neural network for prediction of crack depth and its location in structural beams. A cantilever beam having transverse crack was used by Suresh et al. (2004) and computed the modal frequencies analytically for various crack depth and locations. These frequencies were taken as inputs to train a neural network using a modular approach with two type of architecture, specifically the multi-layer perceptron (MLP) network and radial basis function (RBF) network. Sahin & Shenoi (2003) presented an algorithm for damage detection using a collaboration of changes in natural frequencies as input parameter to the network. To check the robustness of the input data, they numerically generated a simulated arbitrary noise and added to the noise free data during training of the network. Tan et al. (2017) used the technique based on vibration, where only the first vibration mode was used to predict crack characteristics in steel beams. The modal strain energy based damage index β was used which is competent to detect, locate and quantify the damage. The Two-Parameter Model (TPM) was used by Ince (2004) to model fracture in cementitious material with back propagation ANN. He summarized the use of ANN in concrete fracture problems and observed that there is no use to make material parameters assumptions as ANN directly uses the experimental values for training and testing.
Theoretical analysis
The Euler's Bernoulli beam equations are used to determine the first three natural frequency of the undamaged specimen. 
From the Euler formula, the natural frequency is given in radian per second to obtain it in Hz, it divided by 2π. The modulus of the steel beam specimen is 167.439 x 10 9 Pa and density is 8169.69 kg/m 3 . The thickness of steel beam is 5mm, total length is 330 mm and gage length is 300 mm. 30mm of the beam was fixed at one end of the specimen such that it behaves like a cantilever beam. From the Euler's equation the first modal natural frequency of beam specimen is 40.624 Hz, second modal natural frequency is 254.606 Hz and third modal natural frequency is 712.975 Hz.
Experimental analysis through tap test
In this paper, a single cracked cantilever beam specimen as shown in Fig. 1 has been taken of following dimensions and material: Total length of beam, L = 330 mm, gage length, l = 300 mm, breadth, W = 25 mm, thickness, t = 5 mm and material is the mild steel. Tap test was performed to obtain first three modal natural frequencies. Six single cracked cantilever beam specimen are taken and tap test was performed using these beams. In the experiment several crack locations from the fixed end were given in the beam. Tap test is a method used to determine the natural frequency of the beam structures. This setup as shown in Fig. 2 involved the use of a clamp (to fix the mild steel beam as a cantilever), accelerometer (PCB 353B33), connecting cables, FFT analyzer (OROS OR34-4 channels compact analyzer) and a laptop (with FFT analyzer software NV GATE). The one end of the specimen was fixed as a cantilever beam on to the clamp, keeping a length of 300 mm of the beam to hang freely and 30 mm of the part was clamped. An accelerometer was mounted at the fixed end to obtain natural frequencies. The accelerometer data reader collects vibration acceleration data and shows it in the software. In this test, the cantilever beam was given a downward displacement of 20 mm and then released such that it vibrates freely and gets damped to its own. The corresponding vibration data was taken from the NV Gate software installed in the laptop. Readings were taken out for both damaged and undamaged beam specimens. The line diagram of the setup is also shown in Fig. 3 . Here, six cracked beam as shown in Fig. 4 is taken with crack depth of 1 mm, 2 mm, 3 mm and 4 mm at various crack locations from the fixed end. The experimental data i.e. first three natural frequencies of undamaged and damaged beam at depth of 1mm, 2mm, 3mm and 4 mm at different locations obtained through tap test are given in Table 1 . The frequencies of undamaged beam are as follows F1 = 41 Hz, F2 = 256.64 Hz and F3 = 717.62 Hz. The frequency versus acceleration graph of crack depth of 1 mm, 2 mm, 3 mm and 4 mm at fixed end and 3mm at mid, quarter and fixed quarter is shown in Fig. 5 (a,b,c,d ). 
Finite element analysis
ANSYS is used to determine the first three modal natural frequencies of undamaged and cracked beam specimen. In model module, the material property of the specimen is given and the geometry is created of dimension of 300 mm length, 30 mm width and 5 mm thickness for undamaged specimen. The geometry of cracked specimen is same as the undamaged specimen having a crack of given depth at required locations. The thickness of crack is 0.5 mm for all cracks of depth 1mm, 2 mm, 3 mm and 4 mm. The brick elements are used to mesh the beam. Fine mesh is used in which total numbers of elements is 1800 and numbers of node is 10777. One end face of the beam specimen is fixed so that the beam behaves like a cantilever beam. Then three model natural frequencies is obtained. The first modal natural frequency of the undamaged beam specimen is 41 Hz, second model natural frequency is 255.45 Hz and third model natural frequency is 714.11 Hz.
The following Table 2 gives the FEA results i.e. first three natural frequencies and Fig. 6 shows the first three mode shapes of undamaged beam and Fig. 7(a, b, c, d) shows the mode shapes of cracked beam. . 7(a) . Mode shapes of cracked beam Fig. 7(b) . Mode shapes of cracked beam Fig. 7(c) . Mode shapes of cracked beam Fig. 7(d) . Mode shapes of cracked beam
Comparison between experimental and FEA results
The first three modal natural frequencies of beam with crack of depth of 1 mm, 2 mm, 3 mm and 4 mm at different locations are obtained from both the experimental and finite element method. The natural frequencies obtained from both the experimental and FEA methods are compared as given in Table 3 . From the above Table 3 , it is found that the maximum error percentage between the experimental and finite element analysis results is less than 7% and average error percentage for first, second and third natural frequencies are 2.54, 2.99 and 2.83 respectively. Thus, it can be seen that the experimental data are very close to the finite element analysis values hence for further prediction of crack in neural network; we can obtain the analytical values of natural frequencies at various depth and location and use it for training in neural network. This involves simplicity and less time for evaluation of natural frequencies as compared to experimental method.
Other FEA data
In ANSYS, natural frequencies of beam with crack depth of 1mm, 2mm, 3mm and 4mm at every 25mm from fixed location for each depth has been obtained using modal analysis. The input and output variables have to be normalized such that it should lie in the same range group of 0 to 1. Therefore the relative values are obtained according to the equations given below:
 Relative frequency (f1, f2, f3) = frequency of cracked beam ∕ frequency of undamaged beam  Relative crack depth, cd = a / t = depth of crack / thickness of the beam  Relative crack location, cl = b / l = location of crack from fixed end / length of the beam
The Table 4 gives the relative natural frequencies at desired relative depth and location. These data are used in neural networking for prediction of crack.
Neural network modeling
Artificial neural networking (ANN) in MATLAB is used to analyze and predict the depth and position of crack in the beam and data obtained by training is validated by the analytical results. The data given in Table 3 .9 are used for training in neural network except data number 3, 8, 13, 19, 25, 31, 37, 43, 49 and 52 which are used for testing the network as 80% of the data are for training ad 20% are for testing the networks. In MATLAB, the desired inputs and outputs or targets are imported in the workspace and using "nntool" network is created using inputs and targets. Here, a typical three-layered Cascade-Forward Back Propagation (CFBP) neural network is considered consisting of three neurons in input layer, nine neurons in hidden layer and two neurons in output layer as shown in Fig. 8 and architecture is shown in Fig. 9 . The first three relative natural frequencies (f1, f2, and f3) are taken as input parameter; relative length (l) and relative depth (dl) are taken as output parameters. The various functions used are: Levenberg Marquardt (trainlm) is taken as Training function, LEARNGDM is taken as adaption learning function, Mean square error (MSE) taken as performance function and Sigmoid function (tansig) as transfer function. The input parameters required for the training of data are provided as shown in Table 5 . 
Validation of ANN results with FEA results
The data from the Table 4 are trained in the neural network and the outputs are predicted.
The outputs of both the analytical and predicted testing data as given above (through ANN) are compared as shown in Table 6 . 
Results and discussion
In order to avoid an extensive failure or accident, the early prognosis of crack in structures is necessary. With the use of Euler's equation, the natural frequency of the undamaged beam is obtained and it is found that it is close to the experimental and numerical results. The experimental natural frequencies and mode shapes of six cracked beam specimens at seven different crack locations of crack depth 1mm, 2mm, 3mm and 4mm are obtained. For the same depth and location, finite element analysis results are obtained and are compared with experimental values as shown in Table 3 . It is found that the error percentage between them is less than 7% which indicates that the FEA results are closer to the experimental results. Therefore, to reduce time, money and material, the finite element method is used to determine the first three modal frequencies of cracked beam for different depth and locations which are further used as inputs to the neural network for prognosis of crack.
The frequencies of cracked beam obtained from finite element analysis are trained in the Cascade Forward Back Propagation (CFBP) Neural Network. Table 6 shows us the comparison between numerical and ANN outputs. The results obtained are as follows:
 It is been seen from Table 6 that the maximum error percentage between the actual (FEA) and the predicted (ANN) outputs is less than 6 % which shows that ANN is well built to estimate the crack characteristics of cantilever cracked beam.
 The average error percentage between the FEA and ANN outputs is 2.67 for depth and 2.49 for location.
The regression analysis of training, validation and test data is shown in Fig. 10 which shows that predicted data are well fitted to the actual outputs.
Fig. 10. Regression analysis
A comparison graph between FEA and ANN outputs for crack depth and crack location has been shown in Fig. 11 (a) & 11(b) respectively. Fig. 11(a) . Comparison graph for crack depth. Fig. 11(b) . Comparison graph for location.
Conclusions
Crack development in a beam leads to sudden failure of a system without any prior indication or warning. Thus, structural health monitoring is necessary to avoid risks, damages and breakdown. So, in order to avoid an extensive failure or accident, the early prognosis of crack in structures is necessary. Therefore, in this study various techniques like vibration analysis, finite element analysis (FEA) and soft computing method i.e. artificial neural network (ANN) have been used for diagnosis and identification of crack in structures. Based on this study, the following points are concluded as:
 Due to the presence of crack in structure, the natural frequency decreases and hence the stiffness of the structure also decreases.
 The maximum error percentage between the experimental and FEA results are less than 7% which indicates that both the results are in good agreement to each other. So the natural frequencies obtained by FEA can be used for training in neural network for prediction of crack which involves simplicity and less time for evaluation of natural frequencies as compared to experimental method.
 Thus, the maximum error % between the actual (FEA) and the predicted (ANN) outputs is less than 6 % which shows that ANN is well built to estimate the crack depth and location of cantilever cracked beam.
 ANN can be used to predict damages in metallic and composite structures and classify faults in rolling bearing elements with good accuracy.
 A neural controller can be programmed, trained and installed in a structure and this ANN controller will provide us the damage information accurately.
Future scope
A neural controller can be made and installed in structures using the ANN algorithm and can be programmed according to it, which can predict the damages and can provide prior warning and indication.
